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Description
TECHNICAL FIELD

[0001] Examples of the present disclosure generally
relate to integrated circuits ("ICs") and, in particular, to
neural networks in ICs.

BACKGROUND

[0002] Machine learning capabilities are fast evolving.
For example, neural networks (NNs) may be used in both
data centers and embedded applications. Typically, neu-
ral networks need to be trained on a sufficiently large
dataset, and the training is performed on the basis of
floating point arithmetic using general purpose graphics
processing units (GPGPUs). Such training, depending
on the size of a network and the size of the training da-
tasets, may take a very long time. In general, a training
dataset consists of input/output pairs. The goal of neural
network training is to create a model which maps each
input of the training set to the corresponding output. In
real use cases, this model may also generalize to data
which is not part of the training set.

[0003] In the publication "MAX JADERBERG ET
AL: "Decoupled Neural Interfaces using Synthetic Gra-
dients", ARXIV.ORG, CORNELL UNIVERSITY LI-
BRARY, 201 OLIN LIBRARY CORNELL UNIVERSITY
ITHACA, NY 14853, 18 August 2016 (2016-08-18),
XP080720948" decoupled neural interfaces using syn-
thetic gradients are described, wherein sub-graphs are
decoupled by using a modelled synthetic gradient in
place of true back-propagated error gradients. In this
way, the decoupled sub-graphs can be updated inde-
pendently from each other and asynchronously. Further,
feed-forward models are presented, where every layer
is trained asynchronously.

[0004] Accordingly, it would be desirable and useful to
provide animproved way of implementing neural network
trainings.

SUMMARY

[0005] The invention is defined by the independent
claims.

[0006] Preferred embodiments are defined by the de-
pendent claims.

[0007] Other aspects and features will be evident from

reading the following detailed description and accompa-
nying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS
[0008]

FIG. 1 is a block diagram illustrating an exemplary
architecture for an IC.
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FIG. 2 is a block diagram illustrating an exemplary
neural network system.

FIG. 3 is a block diagram illustrating an exemplary
layer of a neural network system.

FIG. 4 is a block diagram illustrating a forward path
processing element.

FIG.5is a block diagramillustrating a backward path
processing element.

FIG.6is ablock diagram illustrating a neural network
system implementing a delayed model adaptation
scheme.

FIG. 7 is a block diagram illustrating a layer of the
neural network system of FIG. 6.

FIG. 8 is a flow diagram of a method for training a
neural network system.

FIG. 9A is a block diagram illustrating a synthetic
gradient generator.

FIG. 9B is a block diagram illustrating a synthetic
gradient generator.

FIG. 10 is a block diagram illustrating a portion of a
binarized neural network system implementing
backpropagation calculation.

FIG. 11 is a block diagram illustrating a neural net-
work system implemented using a plurality of com-
puting units.

FIG. 12 is a block diagram illustrating a neural net-
work system implemented using a single processing
array.

FIG. 13 is a block diagram illustrating a neural net-
work system implemented using two processing ar-
rays.

DETAILED DESCRIPTION

[0009] Various embodiments are described hereinaf-
ter with reference to the figures. Like reference numerals
referto like elements throughout. Like elements will, thus,
not be described in detail with respect to the description
of each figure. It should also be noted that the figures are
only intended to facilitate the description of the embodi-
ments. In addition, an illustrated embodiment needs not
have all the aspects or advantages shown. An aspect or
an advantage described in conjunction with a particular
embodiment is not necessarily limited to that embodi-
ment and can be practiced in any other embodiments
even if not so illustrated, or if not so explicitly described.
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The advantages may be achieved independently in var-
ious embodiments or may be combined in yet other em-
bodiments.

[0010] Before describing exemplary embodiments il-
lustratively depicted in the several figures, a general in-
troduction is provided to further understanding. An artifi-
cial neural network (also referred to as neural networks
below)is amodel of computation inspired by the structure
of brain neural networks. The neural network includes an
input layer, a plurality of hidden layers, and an output
layer. Each layer may include one or more basic process-
ing elements (PEs), also referred to as neurons. These
layers and their neurons are connected to each other,
through which the neural network may carry out highly
complex computations. An activation (e.g., an output) of
a particular neuron may be obtained by applying weights
to the outputs of other neurons connected to that partic-
ular neuron, generating a weighted sum of the outputs
of those other neurons, and apply an activation function
to the weighted sum. In some embodiments, a backprop-
agation learning method may be used to calculate the
error contribution of each neuron after a batch of data
(e.g., in image recognition, multiple images) is proc-
essed. Such error contribution may be calculated as the
gradients of a loss function, where the error is calculated
at the output layer and distributed back through the net-
work layers. The weights may then by updated using the
gradients.

[0011] As discussed above, a neural network typically
needs to be trained on a sufficiently large training dataset.
The training dataset may include a plurality of subsets
(batches). A typical training algorithm may have various
dependencies. Such dependencies may result in stalling
and cause difficulties for implementing the neural net-
work using multiple accelerators. Due to the dependen-
cies present between the forward path and the backward
path of the neural network, in some embodiments, the
forward path for each batch is executed in alayer by layer
fashion to reduce the time difference between processing
adjacent batches. Furthermore, the training may be per-
formed based on floating point arithmetic using GPGPUs.
However, such training may take a long time (e.g., hours
to weeks) depending on the size of the neural network
and the size of the training dataset.

[0012] It has been discovered that various techniques
may be used to remove the dependencies in a training
algorithm, which may prevent or reduce stalling and allow
implementations using multiple accelerators (e.g., multi-
ple GPUs, multiple FPGAs, multiple application-specific
integrated circuits (ASIC)s, multiple accelerators (e.g.,
systolic array) within a single FPGA). For example, a de-
layed model adaptation scheme may be used to remove
dependencies between activations (e.g., computed by
the forward path) and gradients (e.g., computed by the
backward path) during the training. Such a delayed mod-
el adaptation allows the forward path and the backward
path of neural network training to be implemented in par-
allel. This is achieved by introducing a delay between the
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output activations and the weight update and gradient
calculations in each layer. This allows the calculations
for each layer to be performed independently without dif-
ferent batches of inputs. For further example, synthetic
gradients (e.g., gradient estimates generated by ma-
chine learning algorithms) may be used to provide gra-
dients for each layer of the neural network, thereby elim-
inating the dependencies involving gradients during the
training.

[0013] It has also been discovered that the training ef-
ficiency may be improved with little or no impact on the
accuracy by removing the significant redundancy in neu-
ral networks based on floating point arithmetic. For ex-
ample, data types with reduced precision (e.g., based on
binary arithmetic) may be usedin the training ofthe neural
network. A neural network using binary data types (e.g.,
binary weights, binary activations, and/or binary gradi-
ents) may be referred to as a binarized neural network.
Such a binarized neural network may be mapped effi-
ciently to a programmable IC, such as a field program-
mable gate array (FPGA). Furthermore, custom datarep-
resentations (e.g., representations using logarithmic
arithmetic or fixed point arithmetic with or without sto-
chastic quantization) may be used to improve the hard-
ware implementations of the neural network.

[0014] With the above general understanding borne in
mind, various embodiments for implementing a neural
network are described below. Various advantages may
be present in various applications of the present disclo-
sure. No particular advantage is required for all embod-
iments, and different embodiments may offer different
advantages. One of the advantages is that by removing
the dependencies between layers of a neural network
(e.g., by using a delayed model adaptation scheme
and/or synthetic gradients), the neural network may be
implemented using multiple compute units (e.g., accel-
erators), which may reduce the training time of the neural
network. For example, the accelerators may be config-
ured based on different computation and memory re-
quirements of the corresponding layers, which may im-
prove accelerator utilization.

[0015] Another advantage in some embodiments is
that reduced precisions (e.g., binarized neural network)
and custom data presentations (e.g., logarithmic arith-
metic presentations) may be used in training the neural
network, which may improve the training efficiency. Such
reduced precisions and custom data presentations may
be used various implementations of a neural network,
e.g., implementations using a single accelerator (e.g., a
single GPU, an FPGA including a single systolic array)
or multiple accelerators (e.g., multiple GPUs, multiple
FPGAs, asingle FPGA including multiple systolic arrays).
[0016] Yet another advantage in some embodiments
is that neural network training using FPGAs may use re-
duced power consumption (e.g., compared to GPUs),
which may enable online training. Such online training
may allow embedded devices of the FPGAs to continually
adjust to environmental changes, and achieve accuracy
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and throughput tradeoffs without re-synthesis of the hard-
ware implementation of the neural network. Yet another
advantage in some embodiments is that by using a pre-
processing unit (e.g., on-chip or off-chip with hardware
implementation of the neural network) to artificially aug-
mentincoming training datasets (e.g., by distorting, shad-
ing, rotating, scaling), higher training accuracy may be
achieved.

[0017] Yet another advantage in some embodiments
is that within each layer of the neural network, random
number generators may be used to support random
rounding and dropout. By using the various techniques
described in detail below, more efficient neural network
training is achieved, thereby increasing the productivity
of data scientists and improving the accuracy of neural
networks.

[0018] Yet another advantage in some embodiments
is that by removing the data dependency as imposed by
the requirement of completing the computation of the full
forward path before computing the full backward path, a
higher degree of parallelism is introduced that can be
exploited in accelerator architectures (e.g. dataflow).
[0019] Yet another advantage is that by introducing a
delay in the weights in the forward paths and the updates
calculated using the gradients, training can work suc-
cessfully by using estimates of the gradients.

[0020] By removing the data dependency, a higher de-
gree of parallelism is introduced that can be exploited in
accelerator architectures (e.g. dataflow).

[0021] Because one or more of the above-described
embodiments are exemplified using a particular type of
IC, adetailed description of such an IC is provided below.
However, it should be understood that other types of ICs
may benefit from one or more of the embodiments de-
scribed herein.

[0022] Programmable logic devices ("PLDs") are a
well-known type of integrated circuit that can be pro-
grammed to perform specified logic functions. One type
of PLD, the field programmable gate array ("FPGA"), typ-
ically includes an array of programmable tiles. These pro-
grammable tiles can include, for example, input/output
blocks ("IOBs"), configurable logic blocks ("CLBs"), ded-
icated random access memory blocks ("BRAMs"), mul-
tipliers, digital signal processing blocks ("DSPs"), proc-
essors, clock managers, delay lock loops ("DLLs"), and
so forth. As used herein, "include" and "including" mean
including without limitation.

[0023] Each programmable tile typically includes both
programmable interconnect and programmable logic.
The programmable interconnect typically includes a
large number of interconnect lines of varying lengths in-
terconnected by programmable interconnect points
("PIPs"). The programmable logic implements the logic
of a user design using programmable elements that can
include, for example, function generators, registers,
arithmetic logic, and so forth.

[0024] The programmable interconnect and program-
mable logic are typically programmed by loading a
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stream of configuration data into internal configuration
memory cells that define how the programmable ele-
ments are configured. The configuration data can be read
from memory (e.g., from an external PROM) or written
intothe FPGA by an external device. The collective states
ofthe individual memory cells then determine the function
of the FPGA.

[0025] Another type of PLD is the Complex Program-
mable Logic Device, or complex programmable logic de-
vices (CPLDs). A CPLD includes two or more "function
blocks" connected together and to input/output ("I/O") re-
sources by an interconnect switch matrix. Each function
block of the CPLD includes a two-level AND/OR structure
similar to those used in Programmable Logic Arrays
("PLAs") and Programmable Array Logic ("PAL") devic-
es. In CPLDs, configuration data is typically stored on-
chip in non-volatile memory. In some CPLDs, configura-
tion data is stored on-chip in non-volatile memory, then
downloaded to volatile memory as part of an initial con-
figuration (programming) sequence.

[0026] In general, each of these programmable logic
devices ("PLDs"), the functionality of the device is con-
trolled by configuration data provided to the device for
that purpose. The configuration data can be stored in
volatile memory (e.g., static memory cells, as common
in FPGAs and some CPLDs), in non-volatile memory
(e.g., FLASH memory, as in some CPLDs), or in any
other type of memory cell.

[0027] Other PLDs are programmed by applying a
processing layer, such as a metal layer, that program-
mably interconnects the various elements on the device.
These PLDs are known as mask programmable devices.
PLDs can also be implemented in other ways, e.g., using
fuse or antifuse technology. The terms "PLD" and "pro-
grammable logic device" include but are not limited to
these exemplary devices, as well as encompassing de-
vices that are only partially programmable. For example,
one type of PLD includes a combination of hard-coded
transistor logic and a programmable switch fabric that
programmably interconnects the hard-coded transistor
logic.

[0028] As noted above, advanced FPGAs can include
several different types of programmable logic blocks in
the array. For example, FIG. 1 illustrates an exemplary
FPGA architecture 100. The FPGA architecture 100 in-
cludes a large number of different programmable tiles,
including multi-gigabit transceivers ("MGTs") 101, con-
figurable logic blocks ("CLBs") 102, random access
memory blocks ("BRAMs") 103, input/output blocks
("IOBs") 104, configuration and clocking logic ("CON-
FIG/CLOCKS") 105, digital signal processing blocks
("DSPs") 106, specialized input/output blocks ("I/O") 107
(e.g., configuration ports and clock ports), and other pro-
grammable logic 108 such as digital clock managers, an-
alog-to-digital converters, system monitoring logic, and
so forth. Some FPGAs also include dedicated processor
blocks ("PROC") 110.

[0029] In some FPGAs, each programmable tile can
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include at least one programmable interconnect element
("INT") 111 having connections to input and output ter-
minals 120 of a programmable logic element within the
same tile, as shown by examples included at the top of
FIG. 1. Each programmable interconnect element 111
can also include connections to interconnect segments
122 of adjacent programmable interconnect element(s)
in the same tile or other tile(s). Each programmable in-
terconnect element 111 can also include connections to
interconnect segments 124 of general routing resources
between logic blocks (not shown). The general routing
resources can include routing channels between logic
blocks (not shown) comprising tracks of interconnect
segments (e.g., interconnect segments 124) and switch
blocks (not shown) for connecting interconnect seg-
ments. The interconnect segments of the general routing
resources (e.g., interconnect segments 124) can span
one or more logic blocks. The programmable intercon-
nectelements 111 taken together with the general routing
resources implement a programmable interconnect
structure ("programmable interconnect") for the illustrat-
ed FPGA.

[0030] In an example implementation, a CLB 102 can
include a configurable logic element ("CLE") 112 that can
be programmed to implement user logic plus a single
programmable interconnect element ("INT") 111. A
BRAM 103 can include a BRAM logic element ("BRL")
113 in addition to one or more programmable intercon-
nect elements. Typically, the number of interconnect el-
ements included in a tile depends on the height of the
tile. In the pictured example, a BRAM tile has the same
height as five CLBs, but other numbers (e.g., four) can
also be used. A DSP tile 106 can include a DSP logic
element ("DSPL") 114 in addition to an appropriate
number of programmable interconnect elements. An |IOB
104 can include, for example, two instances of an in-
put/output logic element ("IOL") 115 in addition to one
instance of the programmable interconnect element 111.
As will be clear to those of skill in the art, the actual I/O
pads connected, for example, to the 1/0 logic element
115 typically are not confined to the area of the input/out-
put logic element 115.

[0031] Inthe example of FIG. 1, an area (depicted hor-
izontally) near the center of the die (e.g., formed of re-
gions 105, 107, and 108 shown in FIG. 1) can be used
for configuration, clock, and other control logic. Column
109 (depicted vertically) extending from this horizontal
area or other columns may be used to distribute the
clocks and configuration signals across the breadth of
the FPGA.

[0032] Some FPGAs utilizing the architecture illustrat-
ed in FIG. 1 include additional logic blocks that disrupt
the regular columnar structure making up a large part of
the FPGA. The additional logic blocks can be program-
mable blocks and/or dedicated logic. For example,
PROC 110 spans several columns of CLBs and BRAMs.
PROC 110 caninclude various components ranging from
a single microprocessor to a complete programmable
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processing system of microprocessor(s), memory con-
trollers, peripherals, and the like.

[0033] Inone aspect, PROC 110 is implemented as a
dedicated circuitry, e.g., as a hard-wired processor, that
is fabricated as part of the die that implements the pro-
grammable circuitry of the IC. PROC 110 can represent
any of a variety of different processor types and/or sys-
tems ranging in complexity from an individual processor,
e.g., a single core capable of executing program code,
to an entire processor system having one or more cores,
modules, co-processors, interfaces, or the like.

[0034] In another aspect, PROC 110 is omitted from
architecture 100, and may be replaced with one or more
of the other varieties of the programmable blocks de-
scribed. Further, such blocks can be utilized to form a
"soft processor" in that the various blocks of programma-
ble circuitry can be used to form a processor that can
execute program code, as is the case with PROC 110.
[0035] The phrase "programmable circuitry" can refer
to programmable circuit elements within an IC, e.g., the
various programmable or configurable circuit blocks or
tiles described herein, as well as the interconnect circuitry
that selectively couples the various circuit blocks, tiles,
and/or elements according to configuration data that is
loaded into the IC. For example, portions shown in FIG.
1 that are external to PROC 110 such as CLBs 102 and
BRAMSs 103 can be considered programmable circuitry
of the IC.

[0036] In some embodiments, the functionality and
connectivity of programmable circuitry are not estab-
lished until configuration data is loaded into the IC. A set
of configuration data can be used to program program-
mable circuitry of an IC such as an FPGA. The configu-
ration data is, in some cases, referred to as a "configu-
ration bitstream." In general, programmable circuitry is
not operational or functional without first loading a con-
figuration bitstream into the IC. The configuration bit-
stream effectively implements or instantiates a particular
circuit design within the programmable circuitry. The cir-
cuit design specifies, for example, functional aspects of
the programmable circuit blocks and physical connectiv-
ity among the various programmable circuit blocks.
[0037] In some embodiments, circuitry that is "hard-
wired" or "hardened," i.e., not programmable, is manu-
factured as part of the IC. Unlike programmabile circuitry,
hardwired circuitry or circuit blocks are not implemented
after the manufacture of the IC through the loading of a
configuration bitstream. Hardwired circuitry is generally
considered to have dedicated circuit blocks and intercon-
nects, forexample, that are functional withoutfirstloading
a configuration bitstream into the IC, e.g., PROC 110.
[0038] Insomeinstances, hardwired circuitry can have
one or more operational modes that can be set or select-
ed according to register settings or values stored in one
or more memory elements within the IC. The operational
modes can be set, for example, through the loading of a
configuration bitstream into the IC. Despite this ability,
hardwired circuitry is not considered programmable cir-
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cuitry as the hardwired circuitry is operable and has a
particular function when manufactured as part of the IC.
[0039] FIG. 1isintended to illustrate an exemplary ar-
chitecture that can be used to implement an IC that in-
cludes programmable circuitry, e.g., a programmable
fabric. For example, the numbers of logic blocks in a row,
the relative width of the rows, the number and order of
rows, the types of logic blocks included in the rows, the
relative sizes of the logic blocks, and the intercon-
nect/logic implementations included at the top of FIG. 1
are purely exemplary. For example, in an actual IC, more
than one adjacent row of CLBs is typically included wher-
ever the CLBs appear, to facilitate the efficientimplemen-
tation of user logic, but the number of adjacent CLB rows
varies with the overall size of the IC. Moreover, the FPGA
of FIG. 1 illustrates one example of a programmable IC
that can employ examples of the interconnect circuits
described herein. The interconnect circuits described
herein can be used in other types of programmable ICs,
such as CPLDs or any type of programmable IC having
a programmable interconnect structure for selectively
coupling logic elements.

[0040] It is noted that the IC that may implement the
neural network is not limited to the exemplary IC depicted
in FIG. 1, and thatIC having other configurations, or other
types of IC, may also implement the neural network sys-
tem.

[0041] Referring to FIG. 2, illustrated is an exemplary
neural network system 200. The neural network system
200includes a preprocessing unit 202, N layers including
layers 204-0 through 204-(N-1), and a loss computation
unit210. The layers may be implemented using program-
mable logic devices, DSP blocks, etc. In an example, the
neural network system 200 including the N layers may
be implemented in a single IC. In another example, mul-
tiple ICs may be used to implement the neural network
system 200, where each IC may implement one or more
layers of the neural network system 200. Each layer may
include one or more neurons, each neuron having its
corresponding forward path processing element (PE)
and backward path PE, which will be described in detail
below. The firstlayer 204-0 may receive the input training
set, and may be referred to as the input layer 204-0. The
inputtraining set may include a sequence of batches hav-
ing batch indexes 0, 1, 2, 3, ... ,B-1, where B is the
numberof batches inthe inputtraining set. Abatch having
an index b may be referred to as the bt" batch. The last
layer 204-(N-1) may provide an output for a correspond-
ing input received by the input layer 204-0, and may be
referred to as the output layer 204-(N-1). Layers 204-1
through 204-(N-2) may be referred to as hidden layers.
[0042] A preprocessing unit 202 may receive an input
training set 220, artificially augment batches in the input
training set 220 (e.g., by performing distorting, shading,
rotating, scaling, cropping, and other applicable process-
es), and generates the preprocessed training set 222 in-
cluding augmented batches. In some examples, the aug-
mented batch has a size that is greater or equal to that
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of the corresponding original batch. Such preprocessing
may be performed when the data rate of input training
set 220 (e.g., images) is unable to fully utilize the com-
putational capabilities of target device(s) implementing
the neural network system 200. The data rate of the input
training set 220 may be affected by various processes
for capturing and providing the input training set 220. For
example, it may be affected by the speed of a source
capture device (e.g., a camera, a microphone) for cap-
turing the input training set 220 (e.g., images). For further
example, it may be affected by a bottleneck caused by
an external memory used to provide input training set
220. The preprocessing may be performed when such a
data rate of the input training set 220 is lower than a
threshold data rate determined based on the computa-
tional capabilities of the target device(s). In some exam-
ples, after the preprocessing, the preprocessed training
set 222 has a larger size than the input training set 220.
Such a preprocessed training set 222 with an increased
size may improve the quality of the trained neural network
(e.g., by improving the generality of models created by
the neural network training), and better utilize the com-
putational capabilities of the target device(s) implement-
ing the neural network system.

[0043] The neural network system 200 may implement
various training algorithms. In some embodiments, the
neural network system may use a backpropagation al-
gorithm. Consider a neural network has weights W(b) for
the bth batch, and provides an estimation function f,(x)
based on the weights W(b), where Xx; is an input to be
estimated (i.e., an image to be recognized). For such a
neural network, the backpropagation algorithm includes
two processes, a forward path (forward propagation)
process, and a backward path (backward propagation)
process.

[0044] A forward path process includes computing ac-
tivations 206-0 through 206-(N-1) for all layers 204-0
through 204-(N-1). For a preprocessed training set 222
including M samples, the input/output pairs may be de-
noted as {x;y}, where i=0,...,M-1. An estimate of an out-
put }7,- may be calculated as:

Vi = fo(xo),

where f, refers to a model described by a given neural
network for weights calculated for a given bth batch. The
process for calculating the output may include first cal-
culating the activations 206-0 by layer 204-0, passing the
activations 206-0 from layer 204-0 to the next layer 204-1,
calculating the activations 206-1 by layer 204-1, and so
on until the last layer 204-(N-1) calculates activations
206-(N-1). The activations 206-(N-1) may then be sent
to a loss computation unit 210.

[0045] Thebackward path processincludes computing
gradients 208-N through 208-1. In the example of FIG.
2, after receiving the activations 206-(N-1) from the last
layer 204-(N-1), the loss computation unit 210 may use
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a predetermined loss function to compute gradients 208-
N based on the activations 206-(N-1) and the preproc-
essed training set 222. In an example, the predetermined
loss function may be a sub-differential loss function, for
example, a squared hinge loss function provided as:

I(y) = max(0,1 - Fy)*.

[0046] The loss computation unit 210 may then send
the gradients 208-N to the last layer 204-(N-1). A layer
204-i may use the loss function to calculate its gradients
208-ibased on gradients 208-(i+1) received from the next
layer 204-(i+1) and activations 206-(i-1) received from
the preceding layer 204-(i-1). The calculated gradients
208-i may then be passed to the preceding layer 204-(i-
1), which may be used to calculate the gradient at each
weight by iteratively applying the chain rule, which is a
formula for computing the derivative of the composition
of two or more functions. Such computation of gradients
continues until the gradients of weights in all layers
204-(N-1) to 204-0 have been calculated.

[0047] In some embodiments, during the backward
path process, gradients of weights may be used to update
the weights using a gradient descent algorithm. In an
example, in a particular layer, the weight update process
may be provided as follows:

W(b + 1) = W(b) — uGrad(b),

where W(b) is the weights for the bth batch, Grad(b) is
the gradients for the bth batch, u is a scaling factor re-
ferred to as a learning rate or a step size, and W(b + 1)
are the weights for the (b+1)th batch.

[0048] Referring to FIGS. 3, 4, and 5, an exemplary
layer 204-i of the neural network system 200 is illustrated.
FIG. 3 illustrates a layer 204-i including a forward path
unit 300 for performing the forward path process of the
backpropagation algorithm at the layer 204-i, and a back-
ward path unit 302 for performing the backward path
process of the backpropagation algorithm at the layer
204-i. FIG. 4 illustrates an exemplary forward path
processing element (PE) of the forward path unit 300.
FIG. 5 illustrates an exemplary backward path PE of the
backward path unit 302.

[0049] Referring to the example of FIG. 3, a layer 204-
i includes a forward path unit 300 and a backward path
unit 302. The forward path unit 300 includes a buffer 304
and P forward path processing elements (PEs) 306-0
through 306-(P-1), where P is an integer equal to or great-
er than one. The buffer 304 receives activations 206-(i-
1) from the preceding layer 204-(i-1), and sends the ac-
tivations 206-(i-1) to P forward path PEs 306-0 through
306-(P-1). The forward path PEs 306-0 through 306-(P-
1) may perform an activation generation function to gen-
erate activations 206-i based on the activations 206-(i-
1) from the preceding layer 204-(i-1), and send the acti-
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vations 206-i to the next layer 204-(i+1) (e.g., through a
buffer 308). In some embodiments, each forward path
PE corresponds to a neuron of the layer 204-i. As such,
the number P of forward path PEs in the forward path
unit 300 may control the number of neurons of the layer
204-i that may be computed in parallel in the forward path
process. In some embodiments, the forward path PEs
306-0 through 306-(P-1) may receive weights 318 from
corresponding backward path PEs 310-0O through
310-(P-1) respectively, and perform the activation gen-
eration function based on the updated weights 318 and
the activations 206-(i-1).

[0050] Inthe example of FIG. 3, the backward path unit
302 includes a buffer 312 and P backward path PEs
310-0 through 310-(P-1). The buffer 312 receives gradi-
ents 208-(i+1) from the next layer 204-(i+1), and sends
the gradients 208-(i+1) to P backward path PEs 310-0
through 310-(P-1). The backward path PEs 310-0
through 310-(P-1) may perform a gradient generation
function to generate gradients 208-i based on the acti-
vations 206-(i-1) from the preceding layer 204-(i-1) and
the gradients 208-(i+1) from the next layer 204-(i+1). The
gradients 208-i may be sent to the preceding layer 204-(i-
1), e.g., through a buffer 314. In some embodiments,
each backward path PE corresponds to a neuron of the
layer 204-i. As such, the number P of backward path PEs
in the backward path unit 302 may control the number of
neurons of the layer 204-i that may be computed in par-
allel in the backward path process. In some embodi-
ments, the backward path PEs 310-0 through 310-(P-1)
may receive activation inputs 316 from corresponding
forward path PEs 306-0 through 306-(P-1) respectively,
and perform the gradient generation function based on
the activations 206-(i-1) from the preceding layer 204-(i-
1), the gradients 208-(i+1) from the next layer 204-(i+1),
and the activation inputs 316 from a corresponding for-
ward path PE.

[0051] Referring to FIG. 4, illustrated is an exemplary
forward path PE 306-p of a forward path unit 300 of a
layer 204-i. The forward path PE 306-p includes a weight
and threshold memory 402, a multiply and accumulate
unit 404, and an activation unit 406. The weight and
threshold memory 402 may receive updated weights 318
(e.g., from a corresponding backward path PE 310-p of
a backward path unit 302 of the layer 204-i), and send
the weights 318 to the multiply and accumulate unit 404.
The multiply and accumulate unit 404 may receive acti-
vations 206-(i-1) from a preceding layer 204-(i-1), receive
the weights 318 from the weight and threshold memory
402, and generates activations input 316 by performing
a multiply and accumulate operation (e.g., by using a
hardware multiplier-accumulator (MAC) unit). The acti-
vation unit input 316 may be sent to the activation unit
406, which generates activations 206-i based on the ac-
tivation unit input 316 and the weights 318. The activa-
tions 206-i may then be provided to an input of the next
layer 204-(i+1). In some embodiments, the activations
input 316 may also be sent to the corresponding back-
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ward path PE 310-p for computing gradients in the back-
ward path process.

[0052] In the example of FIG. 4, the multiply and ac-
cumulate unit 404 may be scaled to compute S multiply
accumulates per clock cycle for a single dot product. In
the forward path unit 300 of FIG. 3, the number P of for-
ward path PEs controls the number of dot products com-
puted in parallel. As a result, a single layer 204-i may
computes S synapses of P neurons each clock cycle in
the forward path process.

[0053] Referring to FIG. 5, illustrated is an exemplary
backward path PE 310-p of a backward path unit 302 of
a layer 204-i. The backward path PE 310-p includes an
activation backpropagation unit 502. The activation back-
propagation unit 502 receives gradients 208-(i+1) (e.g.,
from the next layer 204-(i+1) or the loss computation unit
210) and activations input 316 from a corresponding for-
ward path PE 306-p, and generates gradients 504 based
on an activation gradient function. The multiply and ac-
cumulate unit 506 may generate gradients 208-i based
on weights 318 (e.g. received from the weight and thresh-
old memory 514) and the gradients 504. The gradients
208-i may then be provided to a preceding layer 204-(i-1).
[0054] In the example of FIG. 5, the multiply and ac-
cumulate unit 506 may be scaled to compute S multiply
accumulates per clock cycle for a single dot product. In
the backward path unit 302 of FIG. 3, the number P of
backward path PEs controls the number of dot products
computed in parallel. As aresult, a single layer 204-i may
computes S synapses of P neurons each clock cycle in
the backward path process.

[0055] Inthe example of FIG. 5, the gradients 504 may
also be sent to an optimization unit 508. The optimization
unit 508 may update weights and thresholds based on
the gradients 504 and the activations 206-(i-1) (e.g., from
the preceding layer 204-(i-1) or the preprocessing unit
202, and send the updated weights 510 and thresholds
512 to a weight and threshold memory 514. The optimi-
zation unit 508 may use optimization algorithms includ-
ing, for example, stochastic gradient descent, batch gra-
dient descent, gradient descent, Adam, and/or any other
applicable optimization algorithms. In some embodi-
ments, the weight and threshold memory 514 may send
the weights and thresholds 318 to a corresponding for-
ward path PE 306-p.

[0056] The training algorithm (e.g., a backpropagation
algorithm) used for training of the neural network 200
may have various dependencies. Such dependencies
may result in stalling and cause difficulties forimplement-
ing the neural network using multiple accelerators. For
example, in a backpropagation algorithm, during the for-
ward path process, a particular layer 204-i may require
that its weights for the batch b, denoted as Wj(b), have
been calculated in the backward path process before its
forward path unit 300 computes activations for the batch
b, denoted as Act;(b). Such a dependency between the
forward path and backward path may prevent using mul-
tiple compute units (e.g., accelerators) for different layers
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204-0 through 204-(N-1). For example, because of the
dependency, when multiple compute units are used to
implement different groups oflayers, those compute units
may be constantly waiting for either new activation inputs
in the forward path process or new gradient inputs for
the backward path process.

[0057] To address the dependency of the backpropa-
gation algorithm, a single compute unit (e.g., a single
GPU or asingle systolic array) may be used to implement
the neural network training. In such embodiments, the
single computing unit computes the forward path process
layer by layer (e.g., from layer 204-0 through layer
204-(N-1)), and then computes the backward path layer
by layer (e.g., from layer 204-(N-1) through layer 204-0)
in a reverse order. However, in some embodiments, lay-
ers (e.g., layers in Convolutional Neural Networks
(CNNs)) may have significantly different computation
and memory requirements. As such, a "one-size-fits-all"
solution that uses a single accelerator to implement all
the layers often results in under-utilization of that accel-
erator when processing particular layers.

[0058] Referring to FIGS. 6, 7, 8, 9A, 9B, and 10, the
neural network system 200 may use various techniques
to remove the dependency in the backpropagation algo-
rithm. For example, FIG. 6 illustrates a delayed model
adaptation scheme that may be used to remove the de-
pendencies between layers. For further example, FIGS.
9A and 9B illustrate a synthetic gradient estimator that
may be used to provide gradient estimates, remove de-
pendencies between layers, and reduce the delay factor
of the layers. By removing the dependencies between
the layers, the neural network may be implemented using
multiple compute units (e.g., accelerators) assigned to
process different layers. Such embodiments may reduce
the training time of the neural network, and improve ac-
celerator utilization by configuring accelerators based on
different computation and memory requirements of the
corresponding layers.

[0059] Referring to FIG. 6, in some embodiments, a
neural network system 600 may use a delayed model
adaptation scheme to remove the dependencies be-
tween the layers, thereby enabling the efficient usage of
multiple accelerators (e.g., multiple GPUs, multiple FP-
GAs, a single FPGA including multiple systolic arrays)
for implementing the neural network system 200. The
neural network system 600 of FIG. 6 is substantially sim-
ilar to the neural network system 200 of FIG. 2 except
the differences described below. By using the delayed
model adaptation, in alayer 204-i, activation outputs 206-
i, denoted as Act;(b) for a batch having an index b (also
referred to as the bth batch) of the preprocessed training
set 222, may be computed using gradients 208-(i+1) for
the (b-d)th batch, denoted as Grad,,4(b-d). For example,
activation outputs 206-i Act(b) may be computed by us-
ing weights W;(b-d) for the (b-d)t" batch, where weights
W;(b-d) may be computed using Grad;, 1(b-d), which may
then be used to compute activation outputs 206-i Act;(b).
This allows d-1 periods of delay between the calculation
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of the activation function (e.g., performed by the activa-
tion unit 406 of a forward path PE 306-p in a layer 204-
i) and the weight update (e.g., performed by the optimi-
zation unit 508 of a backward path PE 310-p).

[0060] Asshownin FIG. 6, at a particular time t0, each
layer operates on a different batch of the preprocessed
training set 222. As such, the layers may have different
delay factors (latency) d. For example, at time t0, layer
204-1 receives Acty(b-1) and Grad,(b-2N-1), and per-
forms computation to generate Acty(b-1) based on
Acty(b-1) and Grady(b-2N-1). As such, layer 204-1 has
a delay factor d; of 2N. For further example, at time t0,
layer204-2 receives Act,(b-2) and Grad,(b-2N), and per-
forms the computation to generate Acty(b-2) using
Acty(b-2) and Grads(b-2N). As such, layer 204-2 has a
delay factor d, of 2N-1. In the example of FIG. 6, the
delay factor increase as the layer index increases. In oth-
er words, layers near layer 0 have delay factors that are
greater than the delay factors of the layers near layer N-1.
[0061] Each ofthelayers 204-0 through 204-(N-1) may
adjust its learning rate w and/or step size based on its
delay factor d. Accordingly, the layers 204-0 through
204-(N-1) may have different learning rates. In an exam-
ple, a layer 204-i may have a learning rate lower than a
layer 204-j following the layer 204-i, where the delay fac-
tor d; of the layer 204-i is greater than the delay factor d;
of the layer 204-j. Extra hardware may be used to calcu-
late correction terms that may be used to ensure the sta-
bility of the parameters learned using the delayed model
adaptation and compensate for any error introduced by
inclusion of the delay model adaptation.

[0062] Note that both neural network systems 200 and
600 may utilize the same types of processing engines,
but as discussed above, the ways that these processing
engines are scheduled to perform the forward path proc-
ess and backward path process vary significantly.
[0063] Referring to FIG. 7, illustrated is a portion of a
layer 204-i implementing delayed model adaptation. In
the example of FIG. 7, at a particular time t0, a weight
gradient function unit 702 receives gradients 208-(i+1)
Gradj,4(b-d) for the (b-d)t" batch from the next layer
204(i+1). The weight gradient function unit 702 also re-
ceives delayed activation 704 from a delay unit 706. The
delay unit 704 may generate the delayed activation 704
by applying d periods of delay (e.g., associated with d
batches) to activations 206-(i-1) Act;_4(b) for the bth batch.
The weight gradient function unit 702 outputs weights
708. The weights 708 are optimized by the optimization
function 710. An additional delay (e.g., one period of de-
lay) may be applied to the resulting optimized weights by
a delay unit 712 to generate weights 714 (e.g., weights
318 of FIG. 4). The weights 714 may be stored in a mem-
ory 402.

[0064] In the forward path 300, the weights 714 are
used to generate activations 206-i Act(b) for the bth
batch. As illustrated in the example of FIG. 7, the weights
714 are sent to a neuron input function unit 716 (e.g.
multiply and accumulate unit 404 of FIG. 4), which per-
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forms neuron input functions to activations 206-(i-1) Ac-
ti_1(b) using weights 714. The neuron input function unit
716 may send activation unit input 718 (e.g., activation
unit input 316) to the activation unit 720 (e.g., activation
unit 406 of FIG. 4). The activation unit 720 generates
activations 206-i Act(b) for the bth batch based on the
activation unit input 718. The activations 206-i Act;(b)
may then be provided to an input of the next layer
204-(i+1).

[0065] In the backward path 302, the weights 714 are
used to generate gradients 208-i Grad;(b-d). As illustrat-
ed in the example of FIG. 7, a weight gradient function
unit 702 (e.g., activation backpropagation unit 502 of FIG.
5) receives gradients 722. The gradients 722 and weights
714 are sent to a neuron gradient function unit 724 (e.g.,
amultiply and accumulate unit 506 of FIG. 5). The neuron
gradient function unit 724 may generate gradients 208-i
Gradj(b-d) for the (b-d)th batch, and send the gradients
Grad;(b-d) to the previous layer 204-(i-1).

[0066] Referring to FIG. 8, illustrated is a method 800
for implementing the delayed model adaptation for train-
ing a neural network using a backpropagation algorithm.
The method begins at block 802, where a layer 204-i of
aneural network receives activations Act;_4(b-d) from lay-
er 204-(i-1) and gradients Grad;.4(b-d) from layer
204-(i+1). The method 800 may proceed to block 804,
where weights W;(b-d) are generated based on Act;_4(b-
d)and Gradi+1(b-d). For example, the backward path PE
310-p may generate W,(b-d) as described above with ref-
erence to FIG. 7. The method 800 may then proceed to
block 806, where weights W;(b-d) may be used to gen-
erate activations for batch t of the training set in the for-
ward path at the layer 204-i. For example, weights W;(b-
d) may be sent to the corresponding forward path PE
306-p of the layer 204-i. The forward path PE 306-p may
then use weights W;(b-d) to compute Act;(b) as discussed
above with reference to FIGS. 3 and 4. As such, by using
the delayed model adaptation, dependencies between
layers for the forward path process and the backward
path process are removed.

[0067] Referring to FIGS. 9A and 9B, synthetic gradi-
ents may be used to remove the dependency in the back-
propagation algorithm. In the example of FIG. 9A, a por-
tion of a backward path PE 310-p of a layer 204-i em-
ploying synthetic gradients is illustrated. The backward
path PE 310-p includes a synthetic gradient estimator
950 including a synthetic gradient generator 902. The
synthetic gradient generator 902 receives activations
206-(i-1) from a preceding layer 204-(i-1), and generates
gradient estimates 904 based on the activations 206-(i-
1) and a gradient estimate error 908. The gradient esti-
mates 904 may then be sent to the activation backprop-
agation units 502 of the backward path PE 310-p.
Weights 318 may be computed based on the gradient
estimates 904, and be sent to the corresponding forward
path PE 306-p for generating activations. As such, by
using synthetic gradients, dependencies between layers
for the forward path process and the backward path proc-
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ess are removed.

[0068] In the example of FIG. 9A, the gradient esti-
mates 904 may be sent to a gradient estimate error gen-
erator 906 (e.g., a subtractor). After the actual gradients
208-(i+1) becomes available (e.g., from a layer
204-(i+1)), the gradient estimate error generator 906 may
compare the gradient estimate 904 and actual gradients
208-(i+1) to generate a gradient estimate error 908. The
synthetic gradientgenerator 902 may improve future gra-
dient estimates 904 based on the gradient estimate error
908. For example, the gradient estimate error 908 may
be used to generate a training example for the synthetic
gradient generator 902 to perform machine learning
based on a machine learning algorithm (e.g., a neural
network, least mean squares (LMS)). In a particular ex-
ample, by using a simple LMS learning algorithm for ma-
chine learning, the hardware costs of the synthetic gra-
dient generator 902 may be reduced. In some examples,
the synthetic gradients may provide gradient estimates
without actual gradients from the next layer.

[0069] Referring to FIG. 9B, a synthetic gradient gen-
erator may be used together with delayed model adap-
tation to remove the dependency between forward and
backward paths and reduce the amount of delay incurred
in early hidden layers. In the example of FIG. 9B, a syn-
thetic gradient estimator 950 may receive, from the layer
204-i, activations 206-i Act(bi+1) for the (b-i+1)t batch.
The synthetic gradient estimator 950 may receive, from
the following layer 204-(i+1), gradients érad,-+1(b - d,) for
the (b - d,)! batch. The synthetic gradient estimator 950
may generate gradients érad,-+1(b - d4) for the (b - d)th
batch based on the activations 206-i Actj(bi+1) and the
gradients érad,-+1(b - d). In an example, d1 is less than
d2. By using gradients Grad;,;(b - d), the Gradj,4(b - dy)
may be generated without waiting for the layer 204-(i+1)
to complete processing the (b - d4) batch, which may
reduce the delay factor in the layers.

[0070] Referring to FIG. 10, the performance for train-
ing the neural network systems 200 and 600 may be im-
proved by using reduced precision networks (e.g., a bi-
narized neural network) and custom data presentations
(e.g., logarithmic data representations) to improve train-
ing efficiency. For example, when training a binarized
neural network, during the forward path process, the mul-
tiplications may be performed using exclusive-NOR cir-
cuits (XNORs), and the accumulation may be performed
using bit counts. For further example, logarithmic data
representations may bring various benefits to hardware
implementations including, for example, multiplies in the
training algorithm may be implemented as additions in
the hardware, and additions/subtractions in the training
algorithm may be implemented using table lookups.
[0071] The example of FIG. 10 is a portion of a back-
ward path PE 310-p of a layer 204-i implementing a bi-
narized neural network. In the example of FIG. 10, during
the backward path process, multiplies may only be per-
formed between 1s and -1s. For fixed-point data types,
multiples may be either a unity function or an element-
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wise bit-flip plus a 1-bit value. For logarithmic data types
(including e.g., a float data type), multiplies become a
simple bit-flip of the sign bit. Furthermore, particular ac-
tivation gradient functions (e.g. a hardtanh activation
function) may be used such that the output 1008 is either
0 or 1. An XNOR circuit 1002 may receive gradients
208-(i+1) that are binary values and the output 1008, and
generates gradients 504 which may be provided to the
optimization unit 508 of the backward path PE 310-p. In
the example of FIG. 10, a multiply and accumulate unit
506 includes an XNOR circuit 1004 controlled by binary
weights 318 and an adder 1006, and may generate gra-
dients 208-i that may be provided to the preceding layer
204-(i-1). As such, by using reduced precision data type
and logarithmic data presentation, the backward path PE
310-p may perform the backward path process without
using any multipliers.

[0072] Referring to FIGS. 11, 12, and 13, various ar-
chitectures may be used to implement the neural network
systems 200 and 600 for scaling the neural network sys-
tems to large problems. The example of FIG. 11 illus-
trates a streaming architecture that uses multiple pro-
grammable ICs (e.g., multiple FPGAs) and their stream-
ing interfaces for communication between those pro-
grammable ICs. The example of FIG. 12 illustrates an
architecture using a single programmable IC (e.g., a sin-
gle FPGA) including a single programmable systolic ar-
ray. The example of FIG. 13 uses a single programmable
IC (e.g., a single FPGA) including two systolic arrays.
[0073] Referring to FIG. 11, a streaming architecture
1100 may be implemented using multiple ICs (e.g., pro-
grammable ICs each on a separate chip) using streaming
interfaces between them. The streaming architecture
1100 includes a neural network system 1102 includes L
ICs (e.g., FPGAs, GPUs) 1106-0 through 1106-(L-1),
where L is a positive integer. Each of the IC 1106-i may
be used to implement one or more layers. In the example
of FIG. 11, the IC 1106-0 is used to implement layers
204-0 through 204-2, and the IC 1106-(L-1) is used to
implement layers 204-(N-3), 204-(N-2), and 204-(N-1).
A host 1104 may send a training set 220 to the neural
network system 1102, and may receive learned weights
from the neural network system 1102.

[0074] Referringto FIG. 12, a single IC 1202 including
a single processing array 1204 and an 10 buffer 1206
may be used to implement the neural network system
200. The single processing array 1204 may be a systolic
array, and may be referred to as a systolic array 1204.
The systolic array 1204 may be used to compute the
forward path and/or backward path for fully connected
layers, convolutional layers, and/or max-pooling layers
of the neural network system 200. In an example, the
layers 204-0 through 204-(N-1) are time-multiplexed onto
the systolic array 1204. In other words, the systolic array
1204 may be configured to implement the layer 204-0,
then the layer 204-1, and so on until implementing the
layer 204-(N-1). The results generated by the systolic
array 1204 for a layer 204-i may be saved to be used as
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input to the next implementation of a layer (e.g., a next
layer 204-(i+1) in the forward path process, and a pre-
ceding layer 204-(i-1) in the backward path process).
[0075] Referring to FIG. 13, a single programmable IC
1302 including two systolic arrays 1304 and 1306 and
I/O buffers 1308 are used. Forexample, the systolic array
1304 may be used to compute the forward path process
for all the layers 204-0 through 204-(N-1), and is also
referred to as the forward path systolic array 1304. For
further example, the systolic array 1306 may be used to
compute the backward path process for all the layers
204-(N-1) through 204-0, and may also be referred to as
the backward path systolic array 1306. The systolic ar-
rays 1304 and 1306 may be scheduled to minimize the
adaptation delay in all layers 204-0 through 204-(N-1).
[0076] To train the neural network systems 200 and
600, a user may generate descriptions for the neural net-
work. In some examples, based on the description, cus-
tom hardware may be generated. In some examples, a
bitstream for an accelerator corresponding to a prede-
termined architecture (e.g., the architectures of FIGS.
11, 12, and/or 13) may be loaded based on the descrip-
tion. The choice of whether to generate a custom archi-
tecture may be determined based on performance mod-
els generated architectures, the target device, place and
route time estimates, the dataset size, the number of it-
erations. The place and route time estimates, the dataset
size, and the number of iterations may be generated of-
fline. In some embodiments, the systolic arrays may be
scheduled to minimize the adaptation delay in all layers.
[0077] Itis noted that various configurations (e.g., the
number N of layers, the number S of multiply accumulates
computed by the multiply and accumulate uniteach clock
cycle, the number P of forward/backward path PEs) il-
lustrated in FIGS. 2-13 are exemplary only and not in-
tended to be limiting beyond what is specifically recited
in the claims that follow. It will be understood by those
skilled in that art that other configurations may be used.
A delayed model adaptation scheme of FIGS. 6 through
8 may be used together with synthetic gradients de-
scribed with reference to FIG. 9. In other embodiments,
the delayed model adaptation scheme may be used to
replace synthetic gradients entirely to reduce the hard-
ware cost of synthetic gradients. In some embodiments,
one or more optimization techniques (e.g., reduced pre-
cision networks, logarithmic data representations, other
applicable optimization techniques, or a combination
thereof) may be used in the architectures of FIGS. 11,
12, and 13. Furthermore, while binary values are used
as an exemplary representation, various representations
including for example ternary values, fixed point, floating
point, and log2 representation may be used.

Claims

1. A neural network system (200), comprising:
one or more hardware processors configured to ex-
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ecute instructions to cause the system to implement
a neural network model, wherein the implementation
of the neural network model comprises:

forward path processing elements (306-0...306(P-
1)) and backward path processing elements
(310-0...310-(P-1)),

wherein each neuron of the neural network mod-
el has a corresponding forward path processing
element (306-0...306(P-1)) and a corresponding
backward path processing element
(310-0...310-(P-1)),

wherein the system (200) is further configured
for:

implementing an input neural network layer
(204-0) configured to:

receive a first training set (220) including a
sequence of batches; and

provide, to a following neural network layer,
a plurality of output activations (206-1 -
206-(N-1)) associated with the sequence of
batches in a forward path, respectively,
wherein the forward path in the following
neural network layer includes the one or
more forward path processing elements
(306-0...306(P-1)), wherein the plurality of
output activations (206-1...206(N-1)) are
computed using the one or more forward
path processing elements (306-0...306(P-
o)k

implementing first and second hidden neu-
ral network layers (204-1; 204-2) following
the input neural network layer (204-0), each
neural network hidden layer configured to:

receive, from a preceding neural net-
work layer, a first input activation asso-
ciated with afirst batch of the sequence
of batches;

perform, using the forward path
processing elements (306-0, 306-(P-
1)), an activation generation function to
generate activations (206-i) based on
activations (204-i) received from the
forward path processing elements
(306-0, 306-(P-1)) corresponding to the
neurons of the preceding layer (204-(i-
1)), and send the generated activations
(206-i) to the forward path processing
elements (306-0, 306-(P-1)) corre-
sponding to the neurons of the next lay-
er (204-(i+1)),

receive, when the first input activation
is received, a first input gradient
(208-(i*+1) computed in the one or more
backward path processing elements
(310-0...310-(P-1)) of a subsequent
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neural network layer and associated
with a second batch of the sequence of
batches preceding the first batch by a
delay factor (d;) associated with the first
batch, the calculations in the one or
more backward path processing ele-
ments (310-0...310-(P-1)) in each hid-
den neural network layer being imple-
mented in parallel to the calculations in
the one or more forward path process-
ing elements, ;

wherein the delay factor (d;) corre-
sponds to a latency of two or more
batches other than the first and second
batches; and

perform, using the backward path
processing elements (310-0, 310-(P-
1)), a gradient generation function to
generate gradients (208-i) based on the
received firstinput activation (206-(i-1))
and on the received first input gradient
(208-(i+1));

provide, to the preceding neural net-
work layer, the generated gradients
(208-i);

provide, to a following neural network
layer of the hidden neural network lay-
er, a first output activation associated
with the first batch, wherein the first out-
put activation is determined based on
the first input activation and the first in-
put gradient;

wherein the first hidden neural network
layer (204-1) has afirst delay factor that
is different from a second delay factor
of the second hidden layer;

a neural network output layer (204-(N-
1)) following the firstand second hidden
neural network layers, wherein the out-
put layer (204-(N-1)) is configured to:

receive, from a preceding neural
network layer, a second input acti-
vation; and

provide, to the preceding neural
network layer, a first output gradi-
ent (208-N - 208-1) based on the
second input activation and the first
training set (220), wherein the first
output gradient (208-N...208-1) is
computed using the one or more
backward path processing ele-
ments (310-0...310-(P-1)).

The neural network system (200) of claim 1, wherein
the first hidden layer (204-1) is configured to:

provide, to the preceding neural network layer, a sec-
ond output gradient associated with the second
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batch of the sequence of batches based on the first
input activation and the first input gradient, wherein
the second output gradient (208-N...208-1) is com-
puted using the one or more backward path process-
ing elements (310-0...310-(P-1)).

The neural network system (200) of claim 2, wherein
the first hidden neural network layer (204-1) is con-
figured to:

generate a first weight associated with the sec-
ond batch of the sequence of batches based on
a third input activation associated with the sec-
ond batch of the sequence of batches and the
first input gradient; and

generate the first output activation associated
with the first batch of the sequence of batches
based on the first input activation, the first input
gradient, and the first weight.

The neural network system (200) of claim 3, wherein
the first hidden neural network layer (204-1) is con-
figured to:

generate the second output gradient based on the
first input activation, first input gradient, and first
weight.

The neural network system (200) of claim 3, wherein
the first hidden neural network layer (204-1) is con-
figured to:

adjust a learning rate based on the delay factor
between the first batch of the sequence of batch-
es and the second batch of the sequence of
batches; and

generate the firstweight associated with the sec-
ond batch of the sequence of batches by apply-
ing the learning rate to the first input gradient
associated with the second batch of the se-
quence of batches.

The neural network system (200) of claim 1, further
comprising:
a preprocessing unit (202) configured to:

receive an original training set (220) having a
first size; and

generate the first training set based on the orig-
inal training set (220), wherein the first training
set has a second size greater than the first size.

The neural network system (200) of claim 1, wherein
the first hidden neural network layer (204-1) is cou-
pled to a synthetic gradient generator (902) that is
configured to:

generate a first input gradient estimate using a
second input gradient associated with a third
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batch preceding the second batch of the se-
quence of batches; and

provide to the first hidden layer (204-1) the first
inputgradient estimate as the firstinput gradient.

The neural network system (200) of claim 7, wherein
the synthetic gradient generator (902) is configured
to:

receive a second input gradient from the follow-
ing neural network layer;

generate a gradient estimate error based on the
firstinput gradient estimate and the second input
gradient; and

generate a second input gradient estimate
based on the gradient estimate error using a ma-
chine learning algorithm.

The neural network system (200) of claim 1, wherein
the first input activation, the first output activation,
the second input activation, and the first output gra-
dient include binary values.

The neural network system (200) of claim 1, further
comprising:

a logarithmic data representation configured to
quantize the first input activation, the first output ac-
tivation, the second input activation, and the first out-
put gradient in a log-domain.

The neural network system (200) of claim 1, further
comprising:

a plurality of accelerators,

wherein each accelerator is configured to imple-
mentone layer of the input layer, the one or more
hidden layers, and the output layer (204-(N-1)),
and

wherein each accelerator is configured to have
a computational capacity and a memory capac-
ity based on the respective layer.

A computer-implemented method of implementing a
neural network model, wherein the implementation
of the neural network model comprises forward path
processing elements (306-0...306(P-1)) and back-
ward path processing elements (310-0...310-(P-1)),
wherein each neuron of the neural network model
has a corresponding forward path processing ele-
ment (306-0...306(P-1)) and a corresponding back-
ward path processing element (310-0...310-(P-1)),
wherein the computer-implemented method com-
prises:

receiving, by an input neural network layer
(204-0) of a neural network, a first training set
(220) including a sequence of batches;

providing, by the input neural network layer
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(204-0) to a following neural network layer, a
plurality of output activations associated with the
sequence of batches in a forward path, respec-
tively, wherein the forward path in the following
neural network layer includes the one or more
forward path processing elements
(306-0...306(P-1)), wherein the plurality of out-
put activations (206-1... 206(N-1)) are computed
using the one or more forward path processing
elements (306-0...306(P-1));

receiving, by a first hidden neural network layer
(204-1) of the neural network from a preceding
neural network layer, a first input activation as-
sociated with a first batch of the sequence of
batches;

performing, using the forward path processing
elements (306-0, 306-(P-1)), an activation gen-
eration function to generate activations (206-i)
based on activations (204-i) received from the
forward path processing elements (306-0,
306-(P-1)) corresponding to the neurons of the
preceding layer (204-(i-1)), and send the gener-
ated activations (206-i) to the forward path
processing elements (306-0, 306-(P-1)) corre-
sponding to the neurons of the next layer
(204-(i+1),

receiving, by the first hidden neural network lay-
er (204-1) when the first input activation is re-
ceived, afirstinput gradient (208-(i+1)) comput-
ed in the one or more backward path processing
elements (310-0...310-(P-1)) of a subsequent
neural network layer and associated with a sec-
ond batch of the sequence of batches preceding
the first batch by a delay factor (d;) associated
with the first batch, wherein the calculations in
the one or more backward path processing ele-
ments (310-0...310-(P-1)) in each hidden layer
are implemented in parallel to the calculations
in the one or more forward path processing el-
ements and the delay factor (d;) corresponds to
a latency of two or more batches other than first
and second batches of the sequence of batches;
performing, using the backward path processing
elements (310-0, 310-(P-1)), a gradient gener-
ation function to generate gradients (208-i)
based on the received first input activation
(206-(i-1)) and on the received first input gradi-
ent (208-(i+1));

providing, to the preceding neural network layer,
the generated gradients (208-i);

providing, by the first hidden neural network lay-
er (203-1) to a second hidden neural network
layer (204-2) following the first hidden layer
(204-1), a first output activation associated with
the first batch, wherein the first output activation
is based on the first input activation and the first
input gradient;

wherein the first hidden neural network layer
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(204-1) has a first delay factor that is different
from a second delay factor of the second hidden
neural network layer;

receiving, by an output neural network layer
(204-(N-1)) following the first hidden neural net-

work layer (204-1) from a preceding neural net-
work layer of the output neural network layer
(204-(N-1)), a second input activation; and
providing, by the output neural network layer
(204-(N-1)) to the preceding neural network lay-
er, a first output gradient based on the second
input activation and the first training set (220),
wherein the first output gradient (208-N...208-1)
is computed using the one or more backward
path processing elements (310-0...310-(P-1)).

13. The method of claim 12, further comprising:
providing, by the first hidden neural network layer
(204-1) to the preceding neural network layer, a sec-
ond output gradient associated with the second
batch of the sequence of batches based on the first
input activation and the first input gradient.

14. The method of claim 13, further comprising:

generating, by the first hidden neural network
layer (204-1), a first weight associated with the
second batch of the sequence of batches based
on a third input activation associated with the
second batch and the first input gradient; and
generating, by the first hidden neural network
layer (204-1), the first output activation associ-
ated with the first batch of the sequence of batch-
es based on the first input activation, the first
input gradient, and the first weight.

15. The method of claim 14, further comprising:

performing at least one operation selected from:
generating, by the first hidden neural network
layer (204-1), the second output gradient based
on the first input activation, the first input gradi-
ent, and the first weight; and

adjusting, by the first hidden neural network lay-
er (204-1), a learning rate based on the delay
factor between the first batch and second batch
and generating, by the first hidden neural net-
work layer (204-1), the first weight associated
with the second batch of the sequence of batch-
es by applying the learning rate to the first input
gradient associated with the second batch.

Patentanspriiche
1. System (200) eines neuronalen Netzwerks, umfas-

send:
einen oder mehrere Hardwareprozessoren, die kon-
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figuriert sind, um Anweisungen auszufiihren, die das
System veranlassen, ein Modell des neuronalen
Netzwerks zu implementieren, wobei die Implemen-
tierung des Modells des neuronalen Netzwerks um-
fasst:

Vorwartspfadverarbeitungselemente
(306-0...306(P-1)) und Riickwartspfadverarbei-
tungselemente (310-0...310-(P-1)),

wobei jedes Neuron des Modells des neurona-
len Netzwerks ein entsprechendes Vorwartspf-
adverarbeitungselement (306-0...306(P-1))und
ein entsprechendes Rickwartspfadverarbei-
tungselement (310-0...310-(P-1)) aufweist,
wobei das System (200) ferner konfiguriert ist
zum:

Implementieren einer Eingabeschicht (204-0)
des neuronalen Netzwerks, die konfiguriert ist
zum:

Empfangen eines ersten Trainingssatzes
(220), der eine Folge von Stapeln ein-
schlief3t; und

Bereitstellen, an eine folgende Schicht des
neuronalen Netzwerks, einer Vielzahl von
Ausgabeaktivierungen (206-1 - 206-(N-1)),
die jeweils mit der Folge von Stapeln in ei-
nem Vorwartspfad verknipft ist, wobei der
Vorwartspfad in der folgenden Schicht des
neuronalen Netzwerks die ein oder mehrere
Vorwartspfadverarbeitungselemente
(306-0...306(P-1)) einschlieBt, wobei die
Vielzahl von Ausgabeaktivierungen
(206-1...206(N-1)) unter Verwendung der
ein oder mehreren Vorwartspfadverarbei-
tungselemente (306-0...306(P-1)) berech-
net wird;

Implementieren einer ersten und einer
zweiten verborgenen Schicht (204-1;
204-2) des neuronalen Netzwerks im An-
schluss an die Eingabeschicht (204-0) des
neuronale Netzwerks, wobei jede verborge-
ne Schicht des neuronalen Netzwerks kon-
figuriert ist zum:

Empfangen, von einer vorstehenden
Schicht des neuronalen Netzwerks, ei-
ner ersten Eingabeaktivierung, die mit
einem ersten Stapel der Folge von Sta-
peln verknipft ist;

Durchfiihren, unter Verwendung der
Vorwartspfadverarbeitungselemente
(306-0, 306-(P-1)), einer Aktivierungs-
erzeugungsfunktion, um Aktivierungen
(206-i) basierend auf Aktivierungen
(204-i) zu erzeugen, die von den Vor-
wartspfadverarbeitungselementen
(306-0, 306-(P-1)) empfangen werden,
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die den Neuronen der vorstehenden
Schicht (204-(i-1)) entsprechen, und
Senden der erzeugten Aktivierungen
(206-i) an die Vorwartspfadverarbei-
tungselemente (306-0, 306-(P-1)), die
den Neuronen der nachsten Schicht
(204-(i+1)) entsprechen,

Empfangen, wenn die erste Eingabe-
aktivierung empfangen wird, eines ers-
ten Eingabegradienten (208-(i+1), der
in dem einen oder den mehreren Riick-
wartspfadverarbeitungselementen
(310-0...310-(P-1)) einer nachfolgen-
den Schicht des neuronalen Netzwerks
berechnet wird und mit einem zweiten
Stapel der Folge von Stapeln verkniipft
ist, der dem ersten Stapel um einen
Verzogerungsfaktor (d;) vorsteht, der
mit dem ersten Stapel verknipftist, wo-
bei die Berechnungen in dem einen
oder den mehreren Riickwartspfadver-
arbeitungselementen (310-0...310-(P-
1)) in jeder verborgenen Schicht des
neuronalen Netzwerks parallel zu den
Berechnungen in dem einen oder den
mehreren Vorwartspfadverarbeitungs-
elementen implementiert werden;
wobei der Verzégerungsfaktor (d;) ei-
ner Latenz von zwei oder mehr Stapeln
entspricht, die nicht der erste und der
zweite Stapel sind; und

Durchfiihren, unter Verwendung der
Ruckwartspfadverarbeitungselemen-
te (310-0, 310-(P-1)), einer Gradien-
tenerzeugungsfunktion, um Gradien-
ten (208-i) basierend auf der empfan-
genen ersten Eingabeaktivierung
(206-(i-1)) und auf dem empfangenen
ersten Eingabegradienten (208-(i+1))
Zu erzeugen;

Bereitstellen, an die vorstehende
Schicht des neuronalen Netzwerks, der
erzeugten Gradienten (208-i);
Bereitstellen, an eine folgende Schicht
des neuronalen Netzwerks der verbor-
genen Schicht des neuronalen Netz-
werks, eine erste Ausgabeaktivierung,
die mit dem ersten Stapel verknipft ist,
wobei die erste Ausgabeaktivierung
basierend auf der ersten Eingabeakti-
vierung und dem ersten Eingabegradi-
enten bestimmt wird;

wobei die erste verborgene Schicht
(204-1) des neuronalen Netzwerks ei-
nen ersten Verzogerungsfaktor auf-
weist, der sich von einem zweiten Ver-
z6gerungsfaktor der zweiten verborge-
nen Schicht unterscheidet;
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eine Ausgabeschicht (204-(N-1)) des
neuronale Netzwerks, die der ersten
und der zweiten verborgenen Schicht
des neuronalen Netzwerks folgt, wobei
die Ausgabeschicht (204-(N-1)) konfi-
guriert ist zum:

Empfangen, von einer vorstehen-
den Schicht des neuronalen Netz-
werks, einer zweiten Eingabeakti-
vierung; und

Bereitstellen, an die vorstehende
Schicht des neuronalen Netz-
werks, eines ersten Ausgabegra-
dienten (208-N - 208-1) basierend
auf der zweiten Eingabeaktivie-
rung und dem ersten Trainingssatz
(220), wobei der erste Ausgabe-
gradient(208-N...208-1) unter Ver-
wendung des einen oder der meh-
reren Rickwartspfadverarbei-
tungselemente (310-0...310-(P-1))
berechnet wird.

System (200) des neuronalen Netzwerks nach An-
spruch 1, wobei die verborgene Schicht (204-1) kon-
figuriert ist zum:

Bereitstellen, an die vorstehende Schicht des neu-
ronalen Netzwerks, eines zweiten Ausgabegradien-
ten, der mit dem zweiten Stapel der Folge von Sta-
peln verknlpft ist, basierend auf der ersten Einga-
beaktivierung und dem ersten Eingabegradienten,
wobei der zweite Ausgabegradient (208-N...208-1)
unter Verwendung des einen oder der mehreren
Ruckwartspfadverarbeitungselemente
(310-0...310-(P-1)) berechnet wird.

System (200) des neuronalen Netzwerks nach An-
spruch 2, wobei die erste verborgene Schicht (204-1)
des neuronalen Netzwerks konfiguriert ist zum:

Erzeugen einer ersten Wertigkeit, die mit dem
zweiten Stapel der Folge von Stapeln verknipft
ist, basierend auf einer dritten Eingabeaktivie-
rung, die mit dem zweiten Stapel der Folge von
Stapeln und dem ersten Eingabegradienten ver-
knupft ist; und

Erzeugen der ersten Ausgabeaktivierung, die
mit dem ersten Stapel der Folge von Stapeln
verknUpft ist, basierend auf der ersten Eingabe-
aktivierung, dem ersten Eingabegradienten und
der ersten Wertigkeit.

System (200) des neuronalen Netzwerks nach An-
spruch 3, wobei die erste verborgene Schicht (204-1)
des neuronalen Netzwerks konfiguriert ist zum:

Erzeugen des zweiten Ausgabegradienten basie-
rend auf der ersten Eingabeaktivierung, dem ersten
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Eingabegradienten und der ersten Wertigkeit.

System (200) des neuronalen Netzwerks nach An-
spruch 3, wobeidie erste verborgene Schicht (204-1)
des neuronalen Netzwerks konfiguriert ist zum:

Anpassen einer Lernrate basierend auf dem
Verzdgerungsfaktor zwischen dem ersten Sta-
pel der Folge von Stapeln und dem zweiten Sta-
pel der Folge von Stapeln; und

Erzeugen der ersten Wertigkeit, die mit dem
zweiten Stapel der Folge von Stapeln verknipft
ist, durch Anwenden der Lernrate auf den ersten
Eingabegradienten, der mit dem zweiten Stapel
der Folge von Stapeln verknUpft ist.

System (200) des neuronalen Netzwerks nach An-
spruch 1, ferner umfassend:

eine Vorverarbeitungseinheit (202), die konfiguriert
ist zum:

Empfangen eines urspriinglichen Trainingssat-
zes (220), der eine erste Grole aufweist; und
Erzeugen des ersten Trainingssatzes basierend
auf dem urspriinglichen Trainingssatz (220),
wobei der erste Trainingssatz eine zweite GréRRe
aufweist, die groRer als die erste GroRe ist.

System (200) des neuronale Netzwerks nach An-
spruch 1, wobeidie erste verborgene Schicht (204-1)
des neuronalen Netzwerks mit einem Erzeuger
(902) eines synthetischen Gradienten gekoppelt ist,
der konfiguriert ist zum:

Erzeugen einer ersten Eingabegradienten-
schatzung unter Verwendung eines zweiten
Eingabegradienten, der mit einem dritten Stapel
verknipft ist, der dem zweiten Stapel der Folge
von Stapeln vorsteht; und

Bereitstellen der ersten verborgenen Schicht
(204-1) die erste Eingabegradientenschatzung
als ersten Eingabegradienten.

8. System (200) des neuronalen Netzwerks nach An-

spruch 7, wobei der Erzeuger (902) des syntheti-
schen Gradienten konfiguriert ist zum:

Empfangen eines zweiten Eingabegradienten
von der folgenden Schicht des neuronalen Netz-
werks;

Erzeugen eines Gradientenschatzfehlers basie-
rend auf der ersten Eingabegradientenschat-
zung und dem zweiten Eingabegradienten; und
Erzeugen einer zweiten Eingabegradienten-
schatzung basierend auf dem Gradienten-
schatzfehler unter Verwendung eines maschi-
nellen Lernalgorithmus.
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System (200) des neuronalen Netzwerks nach An-
spruch 1, wobei die erste Eingabeaktivierung, die
erste Ausgabeaktivierung, die zweite Eingabeakti-
vierung und der erste Ausgabegradient binare Werte
einschlief3en.

System (200) des neuronalen Netzwerks nach An-
spruch 1, ferner umfassend:

eine logarithmische Datendarstellung, die konfigu-
riert ist, um die erste Eingabeaktivierung, die erste
Ausgabeaktivierung, die zweite Eingabeaktivierung
und den ersten Ausgabegradienten in einer Log-Do-
mane zu quantisieren.

System (200) des neuronalen Netzwerks nach An-
spruch 1, ferner umfassend:

eine Vielzahl von Beschleunigern,

wobei jeder Beschleuniger konfiguriert ist, um
eine Schicht der Eingabeschicht, der einen oder
der mehreren verborgenen Schichten und der
Ausgabeschicht (204-(N-1)) zu implementieren,
und

wobei jeder Beschleuniger konfiguriert ist, um
eine Rechenkapazitat und eine Speicherkapa-
zitat basierend auf der jeweiligen Schicht aufzu-
weisen.

Computerimplementiertes Verfahren zum Imple-
mentieren eines Modells des neuronalen Netzwerks,
wobei die Implementierung des Modells des neuro-
nalen Netzwerks Vorwartspfadverarbeitungsele-
mente (306-0... 306(P-1)) und Riickwartspfadverar-
beitungselemente (310-0...310-(P-1)) umfasst, wo-
bei jedes Neuron des Modells des neuronalen Netz-
werks ein entsprechendes Vorwartspfadverarbei-
tungselement (306-0...306(P-1)) und ein entspre-
chendes Ruckwartspfadverarbeitungselement
(310-0...310-(P-1)) aufweist, wobei das computer-
implementierte Verfahren umfasst:

Empfangen, durch eine Eingabeschicht (204-0)
eines neuronalen Netzwerks, eines ersten Trai-
ningssatzes (220), der eine Folge von Stapeln
einschliel3t;

Bereitstellen, durch die Eingabesicht (204-0)
des neuronalen Netzwerks an eine folgende
Schicht des neuronalen Netzwerks, einer Viel-
zahl von Ausgabeaktivierungen, die jeweils mit
der Folge von Stapeln in einem Vorwartspfad
verknipft ist, wobei der Vorwartspfad in der fol-
genden Schicht des neuronalen Netzwerks das
eine oder die mehreren Vorwartspfadverarbei-
tungselemente (306-0...306(P-1)) einschlief3t,
wobei die Vielzahl von Ausgabeaktivierungen
(206-1...206(N-1)) unter Verwendung des einen
oder der mehreren Vorwartspfadverarbeitungs-
elemente (306-0...306(P-1)) berechnet wird;
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Empfangen, durch eine erste verborgene
Schicht (204-1) des neuronalen Netzwerks des
neuronalen Netzwerks von einer vorstehenden
Schicht des neuronalen Netzwerks, einer ersten
Eingabeaktivierung, die mit einem ersten Stapel
der Folge von Stapeln verknUpft ist;
Durchfiihren, unter Verwendung der Vorwarts-
pfadverarbeitungselemente (306-0, 306-(P-1)),
einer Aktivierungserzeugungsfunktion, um Akti-
vierungen (206-i) basierend auf Aktivierungen
(204-i) zu erzeugen, die von den Vorwartspfad-
verarbeitungselementen (306-0, 306-(P-1))
empfangen werden, die den Neuronen der vor-
stehenden Schicht (204-(i-1)) entsprechen, und
Senden der erzeugten Aktivierungen (206-i) an
die Vorwartspfadverarbeitungselemente
(306-0, 306-(P-1)), die den Neuronen der
nachsten Schicht (204-(i+1) entsprechen,
Empfangen, durch die erste verborgene Schicht
(204-1) des neuronalen Netzwerks, wenn die
erste Eingabeaktivierung empfangen wird, ei-
nes ersten Eingabegradienten (208-(i+1)), der
in dem einen oder den mehreren Riickwartspf-
adverarbeitungselementen (310-0...310-(P-1))
einer nachfolgenden Schicht des neuronalen
Netzwerks berechnet wird, und mit einem zwei-
ten Stapel der Folge von Stapeln verknipft ist,
der dem ersten Stapel um einen Verzégerungs-
faktor (d;) vorsteht, der mit dem ersten Stapel
verknipft ist, wobei die Berechnungen in dem
einen oder den mehreren Riickwartspfadverar-
beitungselementen (310-0...310-(P-1)) in jeder
verborgenen Schicht parallel zu den Berech-
nungen in dem einen oder den mehreren Vor-
wartspfadverarbeitungselementen implemen-
tiert werden und der Verzégerungsfaktor (d;) ei-
ner Latenz von zwei oder mehreren Stapeln ent-
spricht, die nicht der erste und der zweite Stapel
der Folge von Stapeln sind;

Durchfilhren, unter Verwendung der Rick-
wartspfadverarbeitungselemente (310-0,
310-(P-1)), einer Gradientenerzeugungsfunkti-
on, um Gradienten (208-i) basierend auf der
empfangenen ersten  Eingabeaktivierung
(206-(i-1)) und auf dem empfangenen ersten
Eingabegradienten (208-(i+1)) zu erzeugen;
Bereitstellen, an die vorstehende Schicht des
neuronalen Netzwerks, der erzeugten Gradien-
ten (208-i);

Bereitstellen, durch die erste verborgene
Schicht (203-1) des neuronalen Netzwerks an
eine zweite verborgene Schicht (204-2) des
neuronalen Netzwerks, die der ersten verborge-
nen Schicht (204-1) folgt, einer ersten Ausga-
beaktivierung, die mit dem ersten Stapel ver-
knupft ist, wobei die erste Ausgabeaktivierung
auf der ersten Eingabeaktivierung und dem ers-
ten Eingabegradienten basiert;
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wobei die erste verborgene Schicht (204-1) des
neuronalen Netzwerks einen ersten Verzdge-
rungsfaktor aufweist, der sich von einem zwei-
ten Verzoégerungsfaktor der zweiten verborge-
nen Schicht des neuronalen Netzwerks unter-
scheidet;

Empfangen, durch eine Ausgabeschicht
(204-(N-1)) des neuronalen Netzwerks, die auf
die erste verborgene Schicht (204-1) des neu-
ronalen Netzwerks von einer vorstehenden
Schicht des neuronalen Netzwerks der Ausga-
beschicht (204-(N-1)) des neuronalen Netz-
werks folgt, einer zweiten Eingabeaktivierung;
und

Bereitstellen, durch die Ausgabeschicht
(204-(N-1)) des neuronalen Netzwerks an die
vorstehende Schicht des neuronalen Netz-
werks, eines ersten Ausgabegradienten basie-
rend auf der zweiten Eingabeaktivierung und
dem ersten Trainingssatz (220), wobei der erste
Ausgabegradient (208-N...208-1) unter Ver-
wendung des einen oder der mehreren Rick-
wartspfadverarbeitungselemente
(310-0...310-(P-1)) berechnet wird.

13. Verfahren nach Anspruch 12, ferner umfassend:
Bereitstellen, durch die erste verborgene Schicht
(204-1) des neuronalen Netzwerks an die vorstehen-
de Schicht des neuronalen Netzwerks, eines zwei-
ten Ausgabegradienten, der mit dem zweiten Stapel
der Folge von Stapeln verknlpft ist, basierend auf
der ersten Eingabeaktivierung und dem ersten Ein-
gabegradienten.

14. Verfahren nach Anspruch 13, ferner umfassend:

Erzeugen, durch die erste verborgene Schicht
(204-1) des neuronalen Netzwerks, einer ersten
Wertung, die mit dem zweiten Stapel der Folge
von Stapeln verknlpft ist, basierend auf einer
dritten Eingabeaktivierung, die mit dem zweiten
Stapel und dem ersten Eingabegradienten ver-
knupft ist; und

Erzeugen, durch die erste verborgene Schicht
(204-1) des neuronalen Netzwerks, der ersten
Ausgabeaktivierung, die mit dem ersten Stapel
der Folge von Stapeln verkniipft ist, basierend
auf der ersten Eingabeaktivierung, dem ersten
Eingabegradienten und der ersten Wertung.

15. Verfahren nach Anspruch 14, ferner umfassend:
Durchfiihren von mindestens einem Vorgang, der
ausgewahlt ist aus:

Erzeugen, durch die erste verborgene Schicht
(204-1) des neuronalen Netzwerks, des zweiten
Ausgabegradienten basierend auf der ersten
Eingabeaktivierung, dem ersten Eingabegradi-
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enten und der ersten Wertung; und

Anpassen, durch die erste verborgene Schicht
(204-1) des neuronalen Netzwerks, einer Lern-
rate basierend auf dem Verzégerungsfaktor zwi-
schen dem ersten Stapel und dem zweiten Sta-
pel und Erzeugen, durch die erste verborgene
Schicht (204-1) des neuronalen Netzwerks, der
ersten Wertung, die mit dem zweiten Stapel der
Folge von Stapeln verknipft ist, durch Anwen-
den der Lernrate an dem ersten Eingabegradi-
enten, der mit dem zweiten Stapel verknipft ist.

Revendications

1. Systéme de réseau neuronal (200) comprenant :
un ou plusieurs processeurs matériels configurés
pour exécuter des instructions pour amener le sys-
téme a mettre en oeuvre un modéle de réseau neu-
ronal, dans lequel la mise en oeuvre du modéle de
réseau neuronal comprend :

des éléments de traitement de chemin vers
l'avant (306-0...306(P-1)) et des éléments de
traitement de chemin vers [larriere
(310-0...310-(P-1)),

dans lequel chaque neurone du modéle de ré-
seau neuronal posséde un élément de traite-
ment de chemin vers I'avant (306-0...306(P-1))
correspondant et un élément de traitement de
chemin vers l'arriére (310-0...310-(P-1)) corres-
pondant,

dans lequel le systéme (200) est en outre con-
figuré pour :

mettre en oeuvre une couche de réseau neuro-
nal d’entrée (204-0) configurée pour :

recevoir un premier ensemble d’entraine-
ment (220) comportant une séquence de
lots ; et

fournir, a une couche de réseau neuronal
suivante, une pluralité d’activations de sor-
tie (206-1 - 206-(N-1)) associées a la sé-
quence de lots dans un chemin vers I'avant,
respectivement, dans lequel le chemin vers
'avant dans la couche de réseau neuronal
suivante comporte le ou les éléments de
traitement de chemin vers [lavant
(306-0...306(P-1)), dans lequel la pluralité
d’activations de sortie (206-1...206(N-1))
est calculée a 'aide du ou des éléments de
traitement de chemin vers [lavant
(306-0...306(P-1)) ;

mettre en oeuvre de premiere et seconde
couches de réseau neuronal cachées
(204-1 ; 204-2) suivantla couche de réseau
neuronal d’entrée (204-0), chaque couche
de réseau neuronal cachée étant configu-
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34
rée pour :

recevoir, a partir d'une couche de ré-
seau neuronal précédente, une pre-
miére activation d’entrée associée aun
premier lot de la séquence de lots ;
réaliser, a 'aide des éléments de trai-
tement de chemin vers I'avant (306-0,
306-(P-1)), une fonction de génération
d’activations pour générer des activa-
tions (206-i) sur la base d’activations
(204-i) regues a partir des éléments de
traitement de chemin vers l'avant
(306-0, 306-(P-1)) correspondant aux
neurones de la couche précédente
(204-(i-1)), et envoyer les activations
générées (206-i) aux éléments de trai-
tement de chemin vers I'avant (306-0,
306-(P-1)) correspondant aux neuro-
nes de la couche suivante (204-(i+1)),
recevoir, lorsque la premiére activation
d’entrée est regue, un premier gradient
d’entrée (208-(i+1) calculé dans le ou
les éléments de traitement de chemin
vers l'arriere (310-0...310-(P-1)) d'une
couche de réseau neuronal subsé-
quente et associé a un deuxiéme lot de
la séquence de lots précédant le pre-
mier lot par un facteur de retard (d;) as-
socié au premier lot, les calculs dans le
ou les éléments de traitement de che-
min vers larriére (310-0...310-(P-1))
dans chaque couche de réseau neuro-
nal cachée étant mis en oeuvre paral-
lelement aux calculs dans le ou les élé-
ments de traitement de chemin vers
'avant ;

dans lequel le facteur de retard (d;) cor-
respond a une latence de deux lots ou
plus autres que les premier et deuxie-
me lots ; et

réaliser, a I'aide des éléments de trai-
tement de chemin vers I'arriére (310-0,
310-(P-1)), une fonction de génération
de gradients pour générer des gra-
dients (208-i) sur labase de la premiére
activation d’entrée regue (206-(i-1)) et
du premier gradient d’entrée regu
(208-(i+1)) ;

fournir, a la couche de réseau neuronal
précédente, les gradients générés
(208-i) ;

fournir, a une couche de réseau neuro-
nal suivante de la couche de réseau
neuronal cachée, une premiere activa-
tion de sortie associée au premier lot,
dans lequel la premiére activation de
sortie est déterminée sur la base de la
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premiére activation d’entrée et du pre-
mier gradient d’entrée ;

dans lequel la premiere couche de ré-
seau neuronal cachée (204-1)a un pre-
mier facteur de retard qui est différent
d’'un second facteur de retard de la se-
conde couche cachée ;

une couche de sortie de réseau neuro-
nal (204-(N-1)) suivant les premiére et
seconde couches de réseau neuronal
cachées, dans lequel la couche de sor-
tie (204-(N-1)) est configurée pour :

recevoir, a partir d'une couche de
réseau neuronal précédente, une
deuxiéme activation d’entrée ; et

fournir, a la couche de réseau neu-
ronal précédente, un premier gra-
dient de sortie (208-N - 208-1) sur
la base de la deuxiéme activation
d’entrée et du premier ensemble
d’entrainement (220), dans lequel
le premier gradient de sortie (208-
N...208-1) estcalculé al'aide duou
des éléments de traitementde che-
min vers l'arriere (310-0...310-(P-

1)).

2. Systéme de réseau neuronal (200) selon la reven-

dication 1, dans lequel la premiére couche cachée
(204-1) est configurée pour :

fournir, a la couche de réseau neuronal précédente,
un second gradient de sortie associé au deuxieme
lot de la séquence de lots sur la base de la premiére
activation d’entrée et du premier gradient d’entrée,
dans lequel le second gradient de sortie (208-
N...208-1) est calculé a I'aide du ou des éléments
de traitement de chemin vers [larriéere
(310-0...310-(P-1)).

Systeme de réseau neuronal (200) selon la reven-
dication 2, dans lequel la premiére couche de réseau
neuronal cachée (204-1) est configurée pour :

générer un premier poids associé au deuxieme
lot de la séquence de lots sur la base d’une troi-
siéme activation d’entrée associée au deuxieme
lot de la séquence de lots et au premier gradient
d’entrée ; et

générer la premiere activation de sortie asso-
ciée au premier lot de la séquence de lots sur
la base de la premiére activation d’entrée, du
premier gradient d’entrée, et du premier poids.

Systeme de réseau neuronal (200) selon la reven-
dication 3, dans lequel la premiére couche de réseau
neuronal cachée (204-1) est configurée pour :

générer le second gradient de sortie sur la base de
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la premiére activation d’entrée, du premier gradient
d’entrée, et du premier poids.

Systeme de réseau neuronal (200) selon la reven-
dication 3, danslequel la premiére couche de réseau
neuronal cachée (204-1) est configurée pour :

ajuster un taux d’apprentissage sur la base du
facteur de retard entre le premier lot de la sé-
quence de lots et le deuxiéme lotde la séquence
de lots ; et

générer le premier poids associé au deuxieme
lot de la séquence de lots en appliquant le taux
d’apprentissage au premier gradient d’entrée
associé au deuxieme lot de la séquence de lots.

6. Systéeme de réseau neuronal (200) selon la reven-

dication 1, comprenant en outre :
une unité de prétraitement (202) configurée pour :

recevoir un ensemble d’entrainement original
(220) ayant une premiere taille ; et

générer le premier ensemble d’entrainement
sur la base de 'ensemble d’entrainement origi-
nal (220), dans lequel le premier ensemble d’en-
trailnement a une seconde taille supérieure a la
premiére taille.

Systeme de réseau neuronal (200) selon la reven-
dication 1, dans lequel la premiére couche de réseau
neuronal cachée (204-1) est couplée a un généra-
teur de gradient synthétique (902) qui est configuré
pour :

générer une premiére estimation de gradient
d’entrée a l'aide d’un second gradient d’entrée
associé a un troisieme lot précédant le deuxie-
me lot de la séquence de lots ; et

fournir a la premiére couche cachée (204-1) la
premiere estimation de gradientd’entrée en tant
que premier gradient d’entrée.

8. Systeme de réseau neuronal (200) selon la reven-

dication 7, dans lequel le générateur de gradient syn-
thétique (902) est configuré pour :

recevoir un second gradient d’entrée provenant
de la couche de réseau neuronal suivante ;
générer une erreur d’estimation de gradient sur
la base de la premiere estimation de gradient
d’entrée et du second gradient d’entrée ; et
générer une seconde estimation de gradient
d’entrée sur la base de I'erreur d’estimation de
gradient a I'aide d’un algorithme d’apprentissa-
ge automatique.

9. Systeme de réseau neuronal (200) selon la reven-

dication 1, dans lequel la premiére activation d’en-
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trée, la premiére activation de sortie, la deuxieme
activation d’entrée, et le premier gradient de sortie
comportent des valeurs binaires.

Systeme de réseau neuronal (200) selon la reven-
dication 1, comprenant en outre :

une représentation de données logarithmiques con-
figurée pour quantifier la premiére activation d’en-
trée, la premiére activation de sortie, la deuxieéme
activation d’entrée, et le premier gradient de sortie
dans un domaine logarithmique.

Systeme de réseau neuronal (200) selon la reven-
dication 1, comprenant en outre :

une pluralité d’accélérateurs,

dans lequel chaque accélérateur est configuré
pour mettre en oeuvre une couche de la couche
d’entrée, la ou les couches cachées, et la cou-
che de sortie (204-(N-1)), et

dans lequel chaque accélérateur est configuré
pour avoir une capacité de calcul et une capacité
de mémoire basées sur la couche respective.

Procédé mis en oeuvre par ordinateur destiné a met-
tre en oeuvre un modéle de réseau neuronal, dans
lequel la mise en oeuvre du modéle de réseau neu-
ronal comprend des éléments de traitement de che-
min vers I'avant (306-0...306(P-1)) et des éléments
de traitement de chemin vers [larriéere
(310-0...310-(P-1)), dans lequel chaque neurone du
modéle de réseau neuronal posséde un élément de
traitement de chemin vers 'avant (306-0...306(P-1))
correspondant et un élément de traitement de che-
min vers I'arriere (310-0...310-(P-1)) correspondant,
dans lequel le procédé mis en oeuvre par ordinateur
comprend :

la réception, par une couche de réseau neuronal
d’entrée (204-0) d’'un réseau neuronal, d’un pre-
mier ensemble d’entrainement (220) compor-
tant une séquence de lots ;

la fourniture, par la couche de réseau neuronal
d’entrée (204-0) a une couche de réseau neu-
ronal suivante, d’une pluralité d’activations de
sortie associées a la séquence de lots dans un
chemin vers l'avant, respectivement, dans le-
quel le chemin vers I'avant dans la couche de
réseau neuronal suivante comporte le ou les élé-
ments de traitement de chemin vers l'avant
(306-0...306 (P-1)), dans lequel la pluralité d’ac-
tivations de sortie (206-1...206(N-1)) est calcu-
Iée al'aide du ou des éléments de traitement de
chemin vers I'avant (306-0...306(P-1)) ;
laréception, parune premiére couche de réseau
neuronal cachée (204-1) du réseau neuronal a
partir d’'une couche de réseau neuronal précé-
dente, d’une premiére activation d’entrée asso-
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ciée a un premier lot de la séquence de lots ;
la réalisation, a I'aide des éléments de traite-
ment de chemin vers 'avant (306-0, 306-(P-1)),
d’'une fonction de génération d’activations pour
générer des activations (206-i) sur la base d’ac-
tivations (204-i) regues a partir des éléments de
traitement de chemin vers l'avant (306-0,
306-(P-1)) correspondant aux neurones de la
couche précédente (204-(i-1)), et envoyer les
activations générées (206-i) aux éléments de
traitement de chemin vers l'avant (306-0,
306-(P-1)) correspondant aux neurones de la
couche suivante (204-(i+1)),

la réception, par la premiére couche de réseau
neuronal cachée (204-1)lorsque la premiére ac-
tivationd’entrée estregue, d’'un premier gradient
d’entrée (208-(i+1)) calculé dans le ou les élé-
ments de traitement de chemin vers l'arriere
(310-0...310-(P-1)) d'une couche de réseau
neuronal subséquente et associé a un deuxié-
me lot de la séquence de lots précédant le pre-
mier lot par un facteur de retard (d;) associé au
premier lot, dans lequel les calculs dans le ou
les éléments de traitement de chemin vers l'ar-
riere (310-0...310-(P-1)) dans chaque couche
cachée sont mis en oeuvre parallélement aux
calculs dans le ou les éléments de traitement de
chemin vers l'avant et le facteur de retard (d;)
correspond a une latence de deux lots ou plus
autres que les premier et deuxieme lots de la
séquence de lots ;

la réalisation, a I'aide des éléments de traite-
ment de chemin vers l'arriere (310-0, 310-(P-
1)), d’'une fonction de génération de gradients
pour générer des gradients (208-i) sur la base
de la premiére activation d’entrée recue (206-(i-
1)) et du premier gradient d’entrée regu
(208-(i+1)) ;

la fourniture, a la couche de réseau neuronal
précédente, des gradients générés (208-i) ;

la fourniture, par la premiere couche de réseau
neuronal cachée (203-1) a une seconde couche
de réseau neuronal cachée (204-2) suivant la
premiere couche cachée (204-1), d’'une premié-
re activation de sortie associée au premier lot,
dans lequel la premiere activation de sortie est
basée sur la premiére activation d’entrée et le
premier gradient d’entrée ;

dans lequel la premiére couche de réseau neu-
ronal cachée (204-1) a un premier facteur de
retard qui est différent d’'un second facteur de
retard de laseconde couche de réseau neuronal
cachée ;

laréception, par une couche de réseau neuronal
de sortie (204-(N-1)) suivant la premiére couche
de réseau neuronal cachée (204-1), a partir
d’'une couche de réseau neuronal précédente
de la couche de réseau neuronal de sortie
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(204-(N-1)), d'une deuxiéeme activation
d’entrée ; et

la fourniture, par la couche de réseau neuronal
de sortie (204-(N-1)) a la couche de réseau neu-
ronal précédente, d’'un premier gradient de sor-
tie surlabase de ladeuxiéme activationd’entrée
et du premier ensemble d’entrainement (220),
dans lequel le premier gradient de sortie (208-
N... 208-1) est calculé a I'aide du ou des élé-
ments de traitement de chemin vers l'arriere
(310-0...310-(P-1)).

Procédé selon la revendication 12, comprenant en
outre :

la fourniture, par la premiére couche de réseau neu-
ronal cachée (204-1) ala couche de réseau neuronal
précédente, d’'un second gradient de sortie associé
au deuxieéme lot de la séquence de lots sur la base
de la premiére activation d’entrée et du premier gra-
dient d’entrée.

Procédé selon la revendication 13, comprenant en
outre :

la génération, par la premiére couche de réseau
neuronal cachée (204-1), d’'un premier poids as-
socié au deuxiéme lot de la séquence de lots
sur la base d’'une troisieme activation d’entrée
associée au deuxieme lot et au premier gradient
d’entrée ; et

la génération, par la premiére couche de réseau
neuronal cachée (204-1), de la premiére activa-
tion de sortie associée au premier lot de la sé-
quence de lots sur la base de la premiére acti-
vation d’entrée, du premier gradient d’entrée, et
du premier poids.

Procédé selon la revendication 14, comprenant en
outre :
la réalisation d’au moins une opération choisie
parmi :

la génération, par la premiére couche de réseau
neuronal cachée (204-1), du second gradientde
sortie sur la base de la premiére activation d’en-
trée, du premier gradient d’entrée, et du premier
poids ; et

I'ajustement, par la premiére couche de réseau
neuronal cachée (204-1), d’'un taux d’apprentis-
sage sur la base du facteur de retard entre le
premier lot et le deuxiéme lot et la génération,
par la premiére couche de réseau neuronal ca-
chée (204-1), du premier poids associé au
deuxiéme lot de la séquence de lots en appli-
quant le taux d’apprentissage au premier gra-
dient d’entrée associé au deuxieme lot.
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800

At layer i, receive activations Act;.1(b) from layer i-1 and gradients
Gradi+¢(b-d) from layer i+1
802

|

Generate weights Wi(b-d) based on Act;.;(b-d) and Grad;.1(b-d)
804

l

Output activations Acti(b) and gradients Gradi(b-d) generated
using the weights W(b-d)
806

FIG. 8
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